To date, hundreds of fungal genomes have been sequenced and many more are in progress. This wealth of genomic information has provided new directions to study fungal biodiversity. However, to further dissect and understand the complicated biological mechanisms involved in fungal life styles, functional studies beyond genomes are required. Thanks to the developments of current -omics techniques, it is possible to produce large amounts of fungal functional data in a high-throughput fashion (e.g. transcriptome, proteome, etc.). The increasing ease of creating -omics data has also created a major challenge for downstream data handling and analysis. Numerous databases, tools and software have been created to meet this challenge. Facing such a richness of techniques and information, hereby we provide a brief roadmap on current wet-lab and bioinformatics approaches to study functional genomics in fungi.
INTRODUCTION
Fungi form a kingdom with a predicted size of 1.5 million species [1] . They act as the major decomposers and can promote plant growth but are also major pathogens for plants and animals. Human make use of fungi since early history for applications like direct food resources, fermentation of artisan food, antibiotics and pesticides [2] [3] [4] [5] . Fungal enzymes have been broadly used in industrial applications for many decades, and the production of biofuels, biochemicals and biomaterials has raised the interests in fungal enzymes that convert plant biomass into fermentable sugars even more in the last 5-10 years [5] [6] [7] [8] [9] [10] [11] . The first fungal genome (Saccharomyces cerevisiae) was made public in 1996 [12] , and since then the number of sequenced fungi has increased exponentially ( Figure 1 ). This was initially mainly through the Fungal Genome Initiative of the BROAD institute of MIT and Harvard [15] , but was soon followed by many other programs, with currently a leading role for the U.S. Department of Energy's Joint Genome Institute (JGI) and its 1000 Fungal Genomes program [25] .
Fungal genomics also resulted in a huge amount of genome-scale functional data like transcriptomes and proteomes for fungi. The availability of this massive amount of biological data provides an opportunity to systematically examine the physiology of fungal species but requires the development of user-friendly computational tools.
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In this review, we provide a general overview on current developments related to functional genomics and their applications to fungal species. The aspects include fungal genome sequencing, gene expression, proteomics and metabolism along with bioinformatics tools and data repositories that are currently available. For each aspect, we describe the major steps still to be taken, aiming to suggest a roadmap for fungal functional genomics.
FUNGAL GENOMES
Sequencing a genome can be de novo or by resequencing using an already known genome as a reference. Several sequencing strategies have been made available through the years, ranging from the Sanger enzymatic dideoxy sequencing technology [26] , Maxam and Gilbert chemical degradation methods [27] to the next-generation sequencing (NGS) platforms.
Although the Sanger enzymatic dideoxy techniques were initially used for genome sequencing [28] , they suffer from the limitation of small sample handling capacity (96 reactions in parallel [29] ). Therefore, they have been replaced by NGS approaches for current genome sequencing. The term 'throughput' was defined by Rizzo and Buck as the number of sequencing reactions that can be run in parallel and lengths of sequences read by each time [30] . For NGS techniques, reaching highthroughput is the goal: process higher number of long DNA sequences per cycle in shorter time and at lowest possible prices. (Table 1) . In addition to genomic sequencing, some of the NGS techniques can also be used to analyze exomes, large gene panels, complete RNA transcriptomes and chromatin inmunoprecipitation [35, 36] .
Choosing a proper sequencing strategy is a crucial step that depends mainly on the goal of the study. Parameters such as sequencing accuracy, capacity to produce mate-paired reads, cost per base/read and the pre-and post-processing protocol pipelines must be taken into account. Usually a single read of the DNA templates is sequenced regardless the direction of the read. However, forward and reverse reads can be paired to map both ends of a linear DNA fragment (paired-end reads) or both ends of previously circularized DNA fragments [mate-pair reads (Illumina NGS)] [31]. Paired-end sequenced reads have a fixed size and are therefore preferred by de novo sequence assemblies, even though the cost of preparing a paired library is generally higher.
The quantity of the sequenced reads can be measured through the sequence coverage (sequence depth), which is the average time a base is sequenced in a given experiment. The coverage of a genome does not imply that the entire genome is sequenced because the centromeric and telomeric regions are difficult to sequence [37] . To determine the structural variants of the genome, high coverage is needed [37] . However, if the repetitive sequence in the genome is longer than a read, high coverage will still have difficulty to resolve the repetitive sequences, and consequently, the assembly of the genome will contain gaps, resulting in nonuniform read distribution with portions of the genome unsequenced [30] . Recently, the development of thirdgeneration sequencing technologies has been applied to solve this problem. One of the representatives of such technologies, PacBio [34], attempts to improve sequence assembly by generating long reads without amplification, thus reduces the compositional bias and resolves complex sequence assembly in the genome [34, 38, 39] .
Once the reads have been generated, the initial analysis or base calling can be done [40] . After that the reads have to be aligned to a reference genome or assembled de novo. Several methods have been developed for this purpose. These methods include (1) alignment and assembly algorithms, (2) base calling and/or polymorphisms detectors and (3) visualization analyzers like genome viewers ( Table 2) .
The alignment process maps DNA reads by finding the overlapping regions between reads with or without a reference genome. Reads overlap if there is a match between extremes of two or more reads and it is long enough to not be considered a random event [61] . There are two main approaches. Hashbased algorithm builds a hash- [62] ). Burrows-Wheeler Transform (BWT) creates a suffix array form the BWT-transformed sequence, reordering the reference genome and assigning an index used for rapid read placement on the genome (Bowtie [42] , BWA [43] [44] [45] , SOAPv2.0 [46] ). The main difference between these two approaches is the speed; BWT are generally considered faster than hash-based method at the same sensitivity level [63] . But both methods are used for fungal genome sequencing.
To assemble a genome based on given reference genome(s), DNA reads have to be arranged based on the alignments so as to reconstruct the original sequence. Assemblers determine whether or not a given read correspond to overlapping positions on the genome. Many of the current tools are based on the de Bruijn graph data structure. The first de Bruijn assembler was Newbler [64] for 454 sequencing. Second-generation de Bruijn graph assemblers include VELVET [51] , ABySS [49] , ALLPATHS [50] and CLCbio [52] . The main challenge of such algorithms still lays on repetitive sequence resolution because de Bruijn graph crashes with such a sequence structure. Genomes with complicated repeats will still have parts that are hard to assemble correctly [63] . Alignment software like Maq [41], SAMTOOLS [47] or Emboss [48] also provides assembly functions.
De novo assemblers are needed to assemble a genome without a reference. Current tools are mainly based on two approaches: overlap graphs and de Bruijn graphs. Overlap graph calculates all the pair-wise overlaps between the reads and report the information to the graph. Then, the graphs lead to a layout of reads and finally to a consensus sequence. Celera Assembler [55] is one of the overlap graph assemblers, which is very popular among de novo projects in fungi. For example, Wortman et al. used it to assemble Neosartorya fischeri NRRL 181 and Aspergillus clavatus NRRL 1 in their effort to identify genes implicated in aspergillosis [65] , Gordon et al. assembled seven yeast species using Celera to study the evolution of the sex chromosome in 16 different yeasts [66] and Spanu et al. assembled different Erysiphales species to study genes involved in pathogenesis among mildews [67] . Arachne [56] is also based on overlap graph, but instead of calculating the overlap between all the reads, a seed-based strategy was used to identify reads that are likely to overlap [68] . De Bruijn graphs break the reads in small sequence (k-mers) to reduce computational resources. Sequencing errors complicate the graph, but many of them are recognizable by the structure in the graph [68] . Nowadays, most used de novo assemblers for fungal genomes include ALLPATHS-LG [53] and SOAPdenovo [54] and also some reference genome-based tools that has implemented de novo assembly functions such as CLCbio [52] Abyss [49] and Velvet [50] . PacBio RS [34] gains in popularity by solving problems caused by the small read size of other NGS platforms or by sequence repeats in the genome by generating reads up to 20 000 bp. A main drawback of PacBio RS is an error rate of up to 15% (randomly distributed in reads). To overcome this, it is recommended to run PacBio and short-read sequencers like Illumina in parallel fashion and perform hybrid assembly with the data. PacBioToCA [69] can correct PacBio errors by mapping short reads on the long ones. The corrected reads can then be assembled using a long-read assembler, such as Celera Assembler [55] , Mira [70] , ALLPATHS-LG [53] or Allora [34] .
The quality of the assembly must be checked before gene calling can commence. It is determined by the read lengths, mate-pair distances and the repeat structure of the genome. Programs such as Fastqc [70] and SAMTOOLS [47] can be used for this purpose. After the quality is verified, particularly with reference-based assembly, copy-number variants, indels and single nucleotide polymorphisms against the reference genome can be identified. Many algorithms are used for this purpose (e.g. [46] ), and some of them are implemented in pipelines as SAMTOOLS [47] . After identification, the variants need to be annotated. Only a few tools are able to complete this process, such as ANNOVAR [57] , which allows functional annotation of genetic variants detected in diverse genomes.
Maq [41] and SOAP2
Transcribed sequences and proteins define the structure of genes. PASA (Program to Assemble Spliced Alignments) uses the information from transcriptomics and proteomics to improve gene calling by identifying alternative splicing patterns, novel genes/exons and transcription start/end points. This tool has been generally used to create or modify fungal gene models [58] .
Last but not the least, after finishing the genome alignment, the reads and putative genes should be visualized by a genome viewer for the convenience of downstream analysis. The Broad Institute has developed the Integrative Genomics Viewer (IGV) [60] . This viewer handles many different types of genomic data, including NGS data, variant calls, microarray data, genome annotations and metadata such as phenotypic information. Moreover, different fungal databases have developed their own viewers. JGI uses UCSC Genome Browser [72] instead of IGV, whereas Mapviewer is being used at NCBI [59] . The Aspergillus database [16] uses JBrowse [73] , and the Magnaporthe database [74] uses the Genetic Genome Browser [75] .
To reduce the duration and complexity of NGS data analysis, developers try to unify all tools in a pipeline fashion with graphical interfaces. The most commonly used open-source tool is Galaxy [76] [77] [78] [79] , but other automated pipelines have also been developed (Table 3) . For example, the JGI [13, 25] initially used Sanger sequencing and later moved to 454 pyrosequencing. In 2011, it migrated to a new platform to reduce cost and cycle time, and all current fungal genomes are sequenced with Illumina short reads. Their fungal assembly strategy relies on the ALLPATHS-LG [53] , an assembler developed at the Broad Institute [15] . This annotation pipeline includes gene prediction, functional annotation and comparative analysis. All fungal genomes integrated in this database (either sequenced by the JGI or other groups) have been annotated following this pipeline to ensure consistent datasets for genome comparison [13] .
To date, hundreds of fungal genomes are publicly available, a list of which can be found in Supplementary  Table  S1 (Additional Supplementary File 1, version March 2014). The major fungal genome repositories are NCBI (Genbank), the Broad Institute and JGI. Some model organisms such as Saccharomyces [20], Aspergillus [16] and Magnaporthe oryzae [74] have their own databases, but the genome sequences are also present in the major repositories.
Because it forms the basis of functional genomics, accurate and efficient sequencing of genomes is essential. Direct downstream analysis such as generating clusters of orthologous groups (e.g. by COG [97] and Jaccard [98] ) can provide straightforward identification of gene presence/absence and therefore link to physiology [99] . Also, a better understanding of the contribution of different alleles on complex traits as Wilkening et al. probed in their analysis of eight different complex traits in S. cerevisiae [100] . However, for a deeper understanding of the underlying molecular mechanisms, large-scale functional data are required.
FUNGAL TRANSCRIPTOMICS
Generally speaking, while the DNA sequence of a gene is considered relatively stable, its transcription level is highly variable. Gene expression not only varies between different cell types but also depends on the stage of the cell cycle, developmental status and the environment. For example, expression studies using spatial sections of fungal colonies demonstrated differences corresponding to carbon source depletion [101] [102] [103] . Also, many examples of induction of fungal genes under specific cultivation conditions have been reported [104, 105] .
Hybridization-based methods (microarrays) and sequence-based methods (RNA-seq [106] ) are both widely applied to fungal transcriptomics. The first fungal microarray studies were on the yeast S. cerevisiae [107] . Since then, thousands of fungal microarray studies have been performed on different aspects including metabolism (e.g. Aspergillus nidulans grown on different carbon sources [108] ), pathogenesis (e.g. Fusarium graminearum during barley infection [109] ) and development (e.g. germination and appressorium formation in Magnaporthe grisea [110] In general, in microarrays, the probe signal strength represents the targeted RNA abundance. Microarray data analysis can be divided into processing and gene identification steps. Now-a-days, the major microarray analyzer is the Bioconductor package in R [114] . Common workflows in Bioconductor include steps like preprocessing, quality assessment, differential expression, expression clustering and classification, gene set enrichment and genetical genomics [115] . Many statistical methods have been developed to normalize gene expression based on normal distributions. Proper normalization makes it possible to compare data across experimental sets. To detect differential expressed genes, numerous methods are available, but the moderated t-test-based Limma package [116] has taken a dominating place in these analyses. Illumina have developed their own software: GenomeStudio, the results of which can also be used by third-party tools for expression quantitative trait loci (eQTL) analysis. Agilent has developed GeneSpring, which includes probe expression analysis on all major microarray platforms; Affymetrix provides Affymetrix Expression Console, and customized Nimblegen microarray has pipelines like NMPP [117] and ANAIS [118] to analyze the data. Although the detection sensitivity has been increased in microarrays by improving target/signal amplification methods [119] and probe specificity [120, 121] , the results are still constantly advised to be validated by quantitative reverse transcriptasepolymerase chain reaction (qRT-PCR), which is considered more sensitive than microarray. Also, the reproducibility of some assays was reported to be uncertain [122] . Comparatively, RNA-seq analyses are more reproducible, and their sensitivity does not depend on the probe design of the chips. But there are also problems inherent to the NGS procedures such as read coverage and long genes are represented in higher read number than short genes. The observed counts are not directly comparable between samples because the quantification of expression depends on the sequencing depths [123, 124] . As few highly expressed genes may contribute to a very large part of the sequenced reads, relatively few reads are distributed among the remaining genes, which can cause a lot of genes being falsely called differentially expressed.
To make the counts comparable across samples, they have to be normalized. The most common method is to calculate the expression of a gene according to its length and the total number of reads mapped within the sample, so-called the RPKM (reads or paired-end reads per kilobase of exon model per million mapped reads) value [125] . To identify differential expressed genes, the methods developed to analyze microarrays are not directly transferable to RNA-seq data analysis. Three discrete probability distributions have been proposed to model the count data for RNA-seq studies: binomial, Poisson and negative binomial (NB) [126] . If the number of reads is big, which is true for RNAseq data, and the probability of a read mapped to a given gene is small, then the binomial distribution can be well approximated by the Poisson distribution. The most used methods in fungal RNA-seq data for detection of differential expression are methods based on an NB distribution (edgeR [127] , DESeq [128] , baySeq [129] , EBSeq [130] and CuffDiff 2 [131] ), a nonparametric method [132] (NOIseq [133] and SAMseq [134] ), a t-test-based distribution Limma [135] or a combination of these methods. All packages except Cuffdiff 2 are available in R on Bioconductor [114] .
RNA-seq has also been widely used in fungal research. Because microarrays are limited to sequenced genomes with a fixed design of probes, RNA-seq theoretically can be applied to any organism in a de novo fashion. Moreover, recent RNA-seq developments have provided convenience to study antisense transcription without being limited by the restriction of probe design as microarrays generally have [136] (methods reviewed in [137] ). This development has been applied to some fungal species [138] to discover the existence and functional roles of natural antisense transcripts (NATs) [139] . For example, Delmas et al. used the SOLiD platform to generate antisense transcript reads of Aspergillus niger grown on different carbon sources [140] . Ries et al. compared the response of Trichodermareesei and A. niger to lignocellulose and confirmed a posttranscriptional regulatory network in T. reesei by analyzing antisense transcription using RNA-seq [141] . Nonetheless, because no consensus method for RNA-seq-based fungal NAT detection has been generated yet, it remains difficult to distinguish a biologically significant NAT from a simple RNA-sequencing artifact. Generally, a thirdparty technique is required to confirm the NAT discovered by RNA-seq, for example, by strand-specific RT-PCR [138] .
With the development of transcriptomic technologies, it has become common practice to submit transcriptome data to public repositories. The main gene expression databases are Gene Expression Omnibus (GEO) [142, 143] and Arrayexpress [144] . To date, these databases contain up to 5000 fungal expression assays. The majority of the experiments are represented by S. cerevisiae with 3500 expression assays and 137 by Aspergillus. The expression data stored in GEO can be analyzed online using the tool GEO2R [142] . It compares samples in a GEO Series to identify differentially expressed genes across experimental conditions using the GEOquery [145] and the Limma R packages from Bioconductor.
FUNGAL PROTEOMICS
Different areas of proteomics studies have been applied to fungi: descriptive proteomics (intracellular and subcellular) [146] , differential production of proteins [147] , posttranslational modifications, protein-protein interaction [148] , proteinomics and secretomics [149] [150] [151] . Besides functional analysis, recent highthroughput mass spectrometry (MS) has shown potential for species identification instead of the classical morphological methods [152] . This is mainly because with protein sequencing no parameters regarding the identity of the fungi are necessary, as the peptide spectrums are compared with general databases.
Three strategies have been commonly used for protein identifications: (1) 'classical' bottom-up strategy based on proteolytic digestion and MS to determine the peptide mass fingerprint (PMF) and the sequence tags; (2) shotgun proteomics involving digestion of the complex mix followed by capillary chromatography or electrophoretic separation and tandem MS; (3) top-down proteomics based on fragmentation of intact molecules in the mass spectrometer [153, 154] .
A standard MS-based experiment includes processes like experimental design, sample preparation, protein separation, MS and protein identification/ quantification. Particularly with fungi, protein extraction during sample preparation is a critical step [155] . Many fungi have a layered cell wall, and some glycoproteins are glycosylphosphatidylinositolmodified cell wall proteins and covalently linked to b-1,6-glucan, forming a protein-polysaccharide complex [156] . Evidence for this molecular organization have been obtained in many species across the kingdom, including the ascomycetous yeast Candida spp., the fission yeast Schizosaccharomyces pombe, the filametous ascomycete Neurospora crassa and the dimorphic basidiomycete Ustilago maydis [157] .
This complex structure causes two major disadvantages. First of all, the large negative charges of N-or O-linked carbohydrate side chains due to the presence of phosphodiester bridges or uronic acids or pyruvylation will cause glycoforms with different isoelectric points [158] . Secondly, N-or O-linked carbohydrate side chains of fungal glycoproteins can vary dramatically in length, and the degree of occupancy of individual glycosylation site can also vary, resulting in numerous glycoforms ranging widely in mass [159] . Therefore, fungal glycoproteins produce multiple fuzzy spots complicating PMF and quantitation, lowering the resolution and sensitivity of the results [160] . Solutions of this problem could be done during the protein extraction processes, using methods like cell disruption with liquid nitrogen, precipitation with hot detergents or organic solvent to increase protein concentration [161] [162] [163] .
Protein separation is performed mainly by electrophoresis [164] [165] [166] . Ionization methods for MS used in fungi are generally electrospray ionization [167, 168] and matrix-assisted laser desorption/ionization (MALDI) [169] . The time-of-flight (TOF) mass analyzer used with MALDI [170] has a large mass range, high mass accuracy and resolution, and is therefore commonly used in fungal research [171] [172] [173] [174] .
Proteins are identified from mass spectra by comparing the experimental spectra and the theoretical ones from the database. Protein identifications are inferred by applying score thresholds. The algorithms that regulate the scoring process are based on factors such as calibration errors, amino acid modification, background noise, contaminants and missing peaks. Several reviews have been published describing protein identification software [11, [175] [176] [177] [178] . Some of them have been applied in fungal proteomics analysis. For example, MASCOT [179] has been used in the proteome study of the phytopathogen Botrytis cinerea [163] , SEQUEST [168, 180] was applied to analyze the yeast proteome [181] and X!Tandem [182] was used for protein identification in the secretome study of U. maydis [183] .
Although MS itself is not a quantitative methodology, quantification can be achieved by comparing signal intensities between the labeled and unlabeled peptides. SILAC (isotope labeling amino acids in cell culture) marks the presence of proteins by introducing the metabolic tags like 13 C and 15 N [184] . Isobaric tag for relative and absolute quantitation (iTRAQ) chemically adds isobaric mass labels at the N-termini and lysine side chains of peptides in a digest mixture [185] . Isotope-Coded Affinity Tag (iCAT) derivatives cysteine residues with a reagent containing either zero or eight deuterium atoms as well as a biotin group to facilitate affinity purification of cysteine-derivatized peptides [186] . The advantage of the metabolic labeling is that the differentially treated samples can be combined at the level of intact cells excluding all source of quantification error induced by biochemical and MS procedures, although the time and cost to apply this technique is too high. Label-free quantification strategies such as Selected Reaction Monitoring (SRM) [187] [188] [189] have also been used in recent years, though they intent to be less accurate because all variations between experiments are reflected in the data [190] .
Analyzing quantitative proteomics data can be a very complex process, and most of the time the data could be merely a subset of proteins in the samples. Bantscheff etal. [11, 175] and Hughes etal. [191] have described the disciplines to analyze quantitative MS data in details. Main tools used in fungal researches are ASAPRation (ICAT), MaxQuant (labeled and label free), XPRESS (ICAT) and ZoomQuant (chemical labeled). Nowadays, most proteomics tools are available in commercial suites such as CPFP [192] and TOPP [193] . Ideally proteomics should present the gene product in a 'what you see is what you have' fashion. However, the abundance of a protein detected by proteomics does not necessarily correlate to the expression of the corresponding in a quantitative manner. This difference in the abundance of a protein and the transcription levels measured by transcriptomics could be caused by posttranslational regulation of gene products, protein consumption and accumulation, or other mechanisms.
FUNGAL METABOLOMICS, SYSTEMATIC MODELING OF METABOLISM AND METABOLIC FLUX ANALYSIS
In recent years, a number of high-throughput methods for quantitative metabolite identification have been developed. These methods include gas chromatography-MS (GC-MS), GC-TOF MS, liquid chromatography-MS (LC-MS) and nuclear magnetic resonance spectrometry. Particularly for fungi, direct infusion MS (diMS) was made to identify the whole metabolome [194] . The diMS was, for instance, used to detect chemical differences in the expression of secondary metabolites in actinomycetes cultivated under different conditions [195] . The major advantage of this technique is that each ion observed can only represent a unique chemical formula, and therefore, the accurate mass of this ion can be determined.
Several computational tools have been designed for metabolome analysis. Identification of metabolite includes steps like the deconvolution of peaks [196] , identification of peaks and matching of mass for known compounds. MZmine [197] , msInspect [198] , OpenMS [199] and XCMS [200] are capable to automatically filter the spectra, detect the peaks and align the peaks across the samples. There are several general metabolite databases like Functional Glycomics Gateway [201] , MassBank [202] and METLIN [203] available for metabolite identification and peak analysis. Tools like MRMPROBS [204] have gained popularity by powerful multiple reaction monitoring functions for batch identification of metabolites in large scale.
Because fungi are one of the most important sources of antimicrobial drug discovery, many recent metabolomics studies focused on identification of novel secondary metabolites. For example, Masaphy recently reported the identification of compound MIG0310, an echinocandin antifungal metabolite from Fusarium sp. strain MS-R1 by enriched LC [205] . Bertrand et al. used high-throughput Ultra-High Pressure Liquid Chromatography-Time Of Flight-Mass Spectrometry (UHPLC-TOF-MS) to discover metabolite induction in fungal co-cultures by Fusarium species [206] . Besides pure wet-lab methods, bioinformatics mining of secondary metabolite biosynthesis and regulation networks is also crucial. Weber has reviewed most of the recent in silico tools involved in these studies [207] . Wiemann and Keller provided in-depth discussion on the strategies for mining metabolites with fungi [208] , while Andersen et al. proposed a combined method of biostatistics and transcriptomics to discover secondary metabolite gene clusters validated by UHPLC-UV-TOF-MS [209] , and Blin et al. has reported improved detection of lanthipeptides by their tool antiSMASH [210] .
Although metabolomics, in lights of metabolite detection, has been widely applied to fungal species, genome-scale metabolic modeling with fungi is still in its infancy [211] [212] [213] . It has been mentioned that stoichiometric models are less complicated to construct compared with kinetic models because the stoichiometry of metabolic reactions are usually known [214] . Stoichiometric models are generally made based on flux balance analysis (FBA) characterized by the calculation of material (e.g. 13 C) fluxes using a list of biochemical reactions and applying mass balances for each metabolite. Dynamic modeling relies on the description of dynamic changes in a state variable, where the parameters of kinetic expressions are presented by either discrete or continuous dynamical systems [215] . In industrial applications, many of these models are used to examine the possibility of improving the yield of a given product by modifying (expression of) certain genes or pathways [216] . Examples are the dynamic models of micro-aerobic yeast co-cultures to optimize ethanol production by Hanly et al. [217] and the models of Fusarium redolens for beauvericin production by Xu et al. [218] .
The ideal goal of metabolic modeling is to incorporate every metabolic transformation that can be performed by the fungal species that is studied. However, we are nowhere near to obtaining that level of information. Current methods largely rely on homology searches for genes with known functions from public or commercial databases such as KEGG [219, 220] and BRENDA [221] . To (re)construct a genome-scale metabolic model requires several steps and is usually performed by integrated tools in a pipeline fashion. The process starts with automatic reconstruction of the network based on genomic or proteomic information of the template models. Then the raw models get curated with functional analysis, statistical calculations are applied to fill the gaps and the data are fitted to the FBA model. Information such as protein-protein interaction networks is included, and finally, the metabolic networks get visualized by either embedded or stand-alone interfaces [222] . Current popular toolboxes in fungal genome-scale metabolic pathway (re)construction are PROM [223] , FARM [224] , RAVEN [225] and COBRA v2.0 [226] .
As a relatively new research area, so far genomescale models have only been studied in a limited number of fungal species. These include S. cerevisiae [227] , Pichia pastoris [227] [228] [229] [230] [231] , Pichia stipitis [232] , A. nidulans [233] , A. niger [234] , Aspergillus oryzae [235] , N. crassa [224] and Penicillium chrysogenum [225, 236] . However, with the rapidly advancingomics technologies and newly developed toolboxes like RAVEN (BioMet [237] ), it will be possible to construct genome-scale models for many more fungal species in the future.
CONCLUSIONS AND FUTURE OUTLOOK
This review described the developments in fungalomics studies on both the aspects of biotechnological techniques and computational tools. Thanks to current sequencing techniques, and through a community effort, more and more fungal genomes are becoming available. However, the big gaps between genome sequences and functional assessment of biological mechanisms still exist. Many studies have combined heterogeneous types of genome-scaled data: Liu et al. used genomics and proteomics to evaluate the lignocellulolytic potential of Penicillium decumbens [238] , whereas Poulsen et al. identified the organic acid response of A. niger by analyzing the transcriptome and extracellular metabolites [239] , and Floudas et al. integrated comparative genomics, secretomics and transcriptomics to reconstruct the Paleozoic origin of enzymatic lignin degradation using 31 fungal genomes [240] . Vitikainen et al. used custom design high-resolution array comparative genomic hybridization based on the genome sequence of T. reesei QM6 to identify in other Trichoderma strains genomic alterations that lead to the improvement of cellulase production [241] . These studies have generated intuitive insights that cannot be achieved by a simple analysis on one type of -omics data. Despite the difficulties yet lying on topics such as cross-platform comparisons, integration of information using a strong computational infrastructure will certainly provide more efficient leads to drive functional genomics studies in fungi.
Moreover, classical strategies of functional genomic studies have effectively used currently advanced techniques, and numerous studies have been reported for fungal species. For example, Caudy et al. constructed the genome-wide functional annotation system for Saccharomyces yeasts [242] , Ye et al. used the yeast two-hybrid and pull-down assays to discover the role of Rho GTPases play in rice blast fungus M. oryzae development [243] , Kim et al. [244] and Zhu et al. [245] constructed deletomes to reveal new roles of novel gene functions in Hansenula polymorpha and N. crassa, respectively, and the yeast ABC transporter interactome has been elaborated to increase the fundamental understanding on the function of transporters in large scale [246, 247] . This combination of standard functional genomics strategies and advanced highthroughput techniques has brought new challenges to experiment designs and perspective of studies. To achieve the goal of complete understanding of the functional mechanisms behind the grand biodiversity and to better use, preserve and discover species in this largest kingdom on earth, throughout studies at the genome scale are requested. Only through community efforts, significant advancement in this subject can be expected in the coming future.
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Key points
The current development of sequencing techniques has brought new opportunities to study fungal biology in a high-throughput fashion. The de novo -omics methods provide accessibility to reveal the biological mechanisms at the genome scale, while functional genomics data of fungi will not be limited by the availability of the genome. More accurate and cost-efficient-omics methods are still desired for both experimental and computational biology researches.
